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Abstract
Theideaofantsystemalgorithm(AS)proposedbyDorigoisvery
unique.However,thestandardtypeoftheAScannotobtainbettersolutions
forrandomgraphs.So,wedesignnewagentbyusingintensificationand
diversificationstrategy,suchasthetabusearchisapPlied,inordertoreach
bettersolutions.Weattempttoapplyapproachbasedonneighbourhoodto
theASintermsofimprovingqualityofsolutionsbecausetheASdoesnot
dependonneighbourhood.Furthermore,parallelantsystemalgorithmby
above-mentionednewagentsisimplementedtoreducecomputationaltime.
FinallywediscussthecharacteristicsofnewAS.
KeywordAntSystemAlgorithm,TravelingSalesmanProblem,MultiAgents,
ParalielAlgorithm,Meta-Heuristics,TabuSearch
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1.lntroduction
Theantsystemalgorithm(AS)presentedbyDorigoandothers(Dorigo,
ManiezzoandColorni,1996)isanewcomputationalparadigm,whichisa
stochasticcombinatorialalgorithm.Itcanbeabletosolvetheproblemby
"ants"
,thatis,agentswithverysimplebasiccapability,whichmimicthebe-
haviorofrealants.Theantscouldmanagetoestablishshortestpaths
throughthemediumthatiscalled"pheromone",usedtocommunicatein-
formationregardingpathsamongindividuals.Themaincharacteristicsof
thisparadigmarecontrolbythecombinationofpositivefeedbackthrough
pheromone,andgreedyheuristic.Thegreedyheuristichelpfindlocalgo6d
solutionintheearlystagesofthesearchprocess.Thepheromonepromotes
globalsearchtoescapelocalsolutionsbythecommunicationamongindividual
informationregardingPath.
Thisresearchisinspiredbytheproblemsstudiedbytheethologists
(Deneubourg,PasteelsandVerhaeghe,1983;DeneubourgandGoss,1989;
NakamuraandKurumatani,1995).For,example,itwastounderstandhow
antscouldmanagetoestablishshortestroutepathsfromtheircolonyto
feedingsourcesandback.Itisconsideredthatrealants且ndshortestpath
bythecommunicationprocessthroughthepheromone,whichisverysimple
butexhibithighlystructuredbehaviorsandperformthecomplextasks
(Kawamura,Yamamoto,Mitamura,SuzukiandOhuchi,1998).
Dorigoandothersappliedhismethodologyto.theTravelingSalesman
Problem(TSP)andreportedsimulationresults.Inthispaper,hecompared
theASwiththeothermeta-heuristics.HeimpiementedSimulatedAnnealing
(SA)andTabuSearch(TS),whichareknownasmeta-heuristicsandassessed
usingOliver30Problemforthecomparisons.Theresultsofthecomparisons
onOliver30showedthattheASwasaseffectiveasTabuSearchandbetter
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thanSimulatedAnnealing(Dorigo,ManiezzoandColorni,1996).
However,whenapplyingthisAStherandomlygeneratedgraphs,there
isatendencyforthesolutionsobtainedusingtheAStobetrappedinbad
nearoptimum.Therefore,wedesignanewagentbyintensificationand
diversi丘ca廿onstrategy,suchastabusearchisapPlied,inordertoreachbetter
solutions.Intensificationanddiversificationareimportantcomponentof
tabusearch(GloverandLaguna,1997).Wewouldliketodescribehowa
combinationofantagentandstrategyofintensificationanddiversification
couldapply.Furthermore,becausetheASdoesnotdependonneighbourhood,
weapplyanapproachbasedonneighbourhoodtoabove-mentionedtabu
typeofagentstosearchstronglyinlocalregionsofneighbourhood.And,
wealsoattempttoreducethecomputationaltimeusingParallelantsystem
algorithmbydividingcolonies.Thistypecanbedonebypartitioningthe
problemitselfintoseveralindependentcolonies.Thesealgorithmsarevery
wellsuitedf6rimplementationonaMIMDparallelmechanism.Finally,we
analyzetheperformanceoftheproposedapproachesandcomparestandard
ASwithproposedanttabuapproach.Herewith,weshowthatthisproposed
anttabuapProach'givesabetterqualityofsolutionsthanstandard
methodology.And,thisparallelimplementationbasedondividingthecolony
naturallyleadsustheconclusionthatsavethecomputationaltime.
Theapproachbynewagentsdiscussedinthispaper,designedto"solve"
(inthesenseofapproximatingtheoptimum)travelingsalesmanproblem,is
mathematicallyunexciting,buthasperfbrmedremarkablywell,bothfrom
thepointofviewofthecomputationaleffortinvolved,andfromthatofthe
qualityofthesolutionsobtainedonavarietyoftestproblem.And,the
agentheuristicsapproachwillbecomeaninterestingvehicleinthesolving
ofcombinatorialoptimizationproblems.
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2.TravelingSalesmanProblem
Thetravelingsalesmanproblem(TSP)istypicaloptimizationproblem
thatisknownasNP-completeandwellusedasbenchmarkinordertomake
thecomparisonwithotherheuristicapproaches.Inthisproblemthesalesman
mustvisitncities,returningtohisstartingpoint,andisrequiredtominimize
thetotalcostofhistrip.Ingoingfromcityitocityブ,heincursacostdij.
Thatis,Oneseeksaminimal-costHamiltoncircuitonacompletegraphhaving
anassociatedcostmatrixD.Entry砺inl)isthecostofusingtheedge
fromtheithvertextotheブthvertex.TheTSParisesinmanydifferent
guisesinoperationsresearch.Oneexampleisplanningthemovementofan
automateddrillpressmakingholesatspecifiedlocationsonprintedcircuit
boards.
3.AntSystemAlgorithm
Theparadigmofantsystemalgorithm(AS)proposedbyDorigo(Dorigo,
ManiezzoandColorni,1996)isinspiredbytheproblemtounderstandhow
almostblindanimalslikeantscouldmanagetoestablishshortestroutepaths
fromtheircolonytofeedingsourcesandback(Deneubourg,Pasteelsand
Verhaeghe,1983;DeneubourgandGoss,1989;NakamuraandKurumatani,
1995).Amovingantlayssomepheromoneontheground.Thepheromone
isusedtocommunicateinformationamongindividualsregardingpaths,and
usedtodecidewheretogo.Whileanisolateantmovesessentiallyatrandom,
anantencounteringapreviouslylaidpheromonecandetectitanddecide
withhighprobabilitytof6110wit,thusreinfbrcingthepheromoneonthe
pathwiththeant'sone.Thatis,themoreantsfollowthepheromone,the
moreattractivetobefollowed,sincetheprobabilitywithwhichanant
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choosesapathincreaseswiththenumberofantsthatpreviouslychoosethe
samepath.And,thequantityofpheromoneontheshorterpathgrowsfaster
thanonthelongerone.Thefinalresultisthatveryquicklyallantwill
choosetheshorterpath.Fromthisphenomenon,ideaoftheASisinduced
(Dorigo,ManiezzoandColorni,1996).
TheAShasartificialantsonthecomputerfortheTSPwhichhasn
townsandtheIengthdijofpathbetweentownsゴandブ.Letmbethetotal
numberofantsoverthealltownsattimet.Eachantisasimpleagent
withthefbllowingcharacteristics:
●Itchoosesthetowntogowithaprobabilitythatisafunctionofthe
distanceandoftheamountofthepheromoneinformation(Theant
agentisnotblind).
●Itcannotchoo.sealreadyvisitedtownsuntilatouriscompleted(The
antagenthassomememory).
●Itattachesthepheromonetotheselectedpath.
Letτ〃(t)beintensitYofthepheromoneinf6rmationonedge(i,ブ)attimet,
Eachantattimetchoosesthenexttown,whereitwillbeattimet+1.It
needs〃timestoconstructacompletedtour,andanntimeisonecycle
(step)ofthealgorithm.Thepheromoneinformationisupdatedaccordingto
thefollowingformulawhenatouriscompleted(i.e.,atonecycle).
τ〃('+π)=ρτ〃(の+△τ〃, (1)
whereρisaparametersuchthat(レρ)representstheevaporationofpher-
omonebetweentandt+n,furthermore△τ夢isdefinedasfbllows.
ガニ
ムτが=Σ △τ多(2)
κ=1
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ん 　△τが一
グ κ一'肋〃tusesedge(ゴ,ブ)initstour
otherwize
(3)
whereQisagivenconstantvalueandLκisthetourlengthobtainedbythe
κ一thant,and△τ多expressesthepheromoneinformationlaidonedge(i,ブ)by
theκ一thantbetweentimetandt+〃.Inotherword,theantlayshigher
levelpheromoneonusededgesifthetourlengthoftheantisshorter.The
eachκ一thanthasthetabulisttabu「cthatsavesthetownsvisitedbyκ一thant,
inordertoforbiddentochoosethetownsalreadyvisitedbetweentimetand
t+〃.Whenatouriscompleted,thetabu「cisthenemptiedandtheantis
freeagaintochoose.、Thetransitionprobabilityfromtowniandtownブf6r
theκ一thantisdefinedasfollows.
[τガ(の】α・同 β
ρ多(t)= Σκ∈ly'-tabu・・1
0
[・i。(t)]c「・[η・。]β
グ ブ∈{v一励 〃κ}
otherwige
(4)
whereτijiSthepheromoneinfbrmationthatguidesintoglobalsearch,nyijis
definedas1/dijtha,tguidesintogreedyheuristicsearch,andαandβare
parametersthatcontroltherelativeimportanceofτijandηガ.Giventhe
above-mentioneddefinitions,theAntSystemAlgorithmisshowedasFigure
1.ThisstandardantsystemalgorithmproposedbyDorigoiscalledAnt-
Standard.
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AntSystemAlgorithm:
1:t=0;τ ガ(t)=smallpositivevaluec;
2:mantsarerandomlypositionedonthetowns,(startingpoints);
3:while(StopCriterion≠True)dobegin
4:while(Thetoursarenotcompleted》dobegin
5:forκ=1to〃 乞do
6:Theκ 一thantchoosethetownブwithprobabilityp多(t),
andmovetothetownブfbrmtowni:
7:end;
8:forκ=1to〃zdo
9:Compute五 κand△ τ多;
10:UpdatePheromoneinformationforeveryedge(i,ブ),
usingequation(1);
11:t=t+〃,・
12:end.
Figure1.AntSystemAlgorithm
4.ThePerformanceofStandardAntSystemAlgorithm
Dorigoandothershavecomparedthisstandardantsystemalgorithm
(Ant-Stndard)withothermeta-heuristicalgorithms.Theyimplementeda
simulatedannealing(SA)andatabusearch(TS),andassessedtheirperform-
ancesusingtheOliver30data.TheresultsshowedthattheAnt-Standard
forthisproblemwasaseffectiveastabusearchandbetterthansimulated
annealingintheTable1(Dorigo,ManiezzoandColorni,1996).
Table1.ComparisonofAS,TS,andSAbyDorigo
Best Average Std.dev?
?
?
420
420
420
420.4
420.6
459.8
1.3
1.5
25.1
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However,whenapplyingthisAnt-Standardalgorithmtherandomly
generatedgraphswherethenodesarerandomlylaidintheunitsquare,
thereisatendencyforthesolutionsobtai耳edusingtheAnt-Standardalgo-
rithmtobetrappedinbadnearoptimum.TheTable2andFigure2show
theresultfbrtherandomlygeneratedgraphsintherangefrom100tq400
Table2.PerformanceofAnt-StandardcomparedtoSAonthe
randomlygeneratedgraph
ProblemSize 100 200 300 400
Ant-StandardAverage
Best
Worst
Std.dev
815.2
800
829
10.30
1158.8
1149
1165
5.74
1461.2
1456
1478
16.77
1652。6
1643
1663'
8.13
SA Average
Best
Worst
Std.dev
786
774
798
10.09
1113
1099
1127
9.12
1381.2
1376
1389
5.26
1565.2
1546
1577
11.26
?
?
?
1700
1600
1500
1400
1300
1200
1100
1000
900
800
700
100 200300
NumberofNode
400
+Ant-standard-・ 一・{IEf}・・…SA
Figure2.ComparisonofAnt-StandardandSA
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nodes,incomparisonwithsimulatedannealing.TheASalgorithmisanalyzed
usingparameterQ=100andthenumberofantagentsisequaltothe
numberoftowns,asdiscussed・byDorigoandothers(Dorigo,Maniezzoand
Colorni,1996).AIld,thesimulatedannealingused2-optneighbourhood
structure.Wehavetoconsidertheparameter'svaluesofthesimulated
annealinginordertoobtaingoodsolutionsinareasonableamountof
computationaltime(ArartsandKorst,1989).Theinitialt〃ψ(ηis500and
thestoP'〃ip(T)isO.01,since,inspiteofextendingtheaboverangeof'〃ψ,
wedidnotobtainasignificantimprovementinthequalityofthesolutions.
Wefoundthatphi=0.92,whichiscoolingscheduleparameter,givesan
acceptablebalancebetweensolutionqualityandcomputationalspeed.It
appearsthatinitiallengthoftheMarkovchainsr=100and如勿=1.1,which
controlthelengthofMarkovchains,yieldgoodcompromisesbetweenthe
qualityofthesolutionsobtainedandthetimerequired.Thedataareaverage
cost,bestcosしworstcost,andstandarddeviationobtainedafter10repetitions
ofthebothalgorithms.ThealgorithmsusedherewerecodedinC++and
implementedontheIntelCeleron400M且z.Weseethatstandardantsystem
algorithmdonotproducegogdresults.
Next,theFigure3presentstracesofrunoftheAnt-Stndardalgorithm,
?
??
1500
1450
1400
1350
1300
1250
1200
1150
1100
¶一 σ)LΩ 卜 ◎)T・・一(り[Ω 卜・ σ)
◎りo◎)Noσ)A」 匹Ωco
v▼ 一■1-NNc団
Step
Figure3.TraceofAnt-Standard
Ant-Standard
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whichisthelengthofthebest-foundtourateachcycle.Theresultshow
thatthetourcostsuddenlydropstolowvaluesinearlysteps,however,
afterthat,thebehaviorisliketherandomwalkandisneverconvergedto
optimalsolutions.
5.AntTabuSystemAlgorithm
Ideaoftheantsystemalgorithm(AS)isveryinteresting.However,
thestandardtypeoftheAScannotobtainbettersolutionsfbrrandom
graphs.So,wedesignnewagentbyusingintensificationanddiversification
strategy,suchastabusearch(GloverandLaguna,1997)isapplied,inorder
toreachbettersolutions.Intensificationsanddiversificationsareimportant
componentsoftabusearch.Intensi且cationstrategiesarebasedonmodifying
choicerulestoencouragemovecombinationsandsolutionfeatureshistorically
foundgood.Ontheotherhand,thediversi丘cationstageencouragesthe
searchprocesstoexamineunvisitedregionsandtogeneratesolutionsthat
differinvarioussigni且cantwaysfromthoseseenbefore.Wewouldliketo
describehowacombinationofantagentandstrategyofintensificationand
diversificationcouldapPly.
First,wehavetoconsidernewagentwithintensificationstrategy.
Generally,theantsinthisASmutuallyhavethecommunicationusingthe
pheromonetofindbettertour.Theinformationofthetourobtainedby
eachagentiscommunicatedtothenextpopulationofagentsthroughthe
mediumofthepheromoneandthenextagentscouldsearchthebettertour
accordingtothismedium.IntheAnt-Standardalgorithm,thepheromone
inf6rmationisdefinedas(?/Lκ,whichgivesahighervalueifthetourlength
isshorter.Figure3showthatthebehavioroftourlengthcostbasedon
thecommunicationbythiswaycannotconverge,sincetheinformationof
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thebesttourineachstepisnotstronglycommunicatedthroughthepher-
omone.
So,wetrytoreinforcethepheromoneinformationofbesttourineach
steptofindbettertour,asintensificationstrategy.Thatis,thepheromone
informationlaidbyeliteagentthatobtainbesttourineachstepisreinforced
asσ ・Q/Lκtostronglycommunicatetheinformationofbettertourobtained
byeliteagentintonextgeneration.Thisintensi且cationstrategyisbased
onmodifyingpheromoneinformationofeliteagenttoencourageattractive
regionstosearchbettertours.Figure4showstracesofrunofbest-fbund
sohltionineachstepbytheAnt-StandardandtheASwithintensification
strategybasedonreinf6rcementofpheromoneinformation.Theresults
showthattheperformanceofAnt-Standardgives且uctuation,whiletheAS
usingthereinf6rcementofpheromoneinfbrmationstronglyconvergesto
nearoptimalsolutionintheexperiment.
1600
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01300
Ant-Reinforo1200
1100
1000
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Figure4.TraceofAnt-ReinforcomparedtoAnt-Standard
Ant-Standard:NormalAS
Ant-Reinfor:ASwithOnlylntensificationStrategy
TheintensificationstrategyintheASshowsremarkableimprovement
incontrastwiththeAnt-Standard.Itseemsthatthereinfbrcementofthe
pheromoneisimportantmediumoperationofcommunication.However,using
onlyintensificationstrategy,thebehaviorfelltothesituationinwhichbest
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foundsolutioninthelaterstepsissimilartothebesttourobtainedbefore
anditcannotimproveintermsofqualityofsolution,becauseoftheresultof
convergencestrategyusingthereinfbrcementofthepheromoneinformation.
Thisindicatesthatthesystemhasceasedexploringnewpossibilitiesand
nobettertourwillarise.Thebehavioroftherestrictedconvergencefor
intensi五cationstrategyisinducedbythefactthata皿agentshaveonlyidentical
ability,whichisexpressedby(4)equation.Thatis,thebehavioroftheAS
withreinforcementofthepheromoneinfbrmationshowstrongconvergence
intheinitialstagesbymeansoftheconstructionofthesimilaragents,
however,thesystemlosetheabilityoftheimprovementlateronandfallto
StatiOnarySitUatiOn.
Theref6re,weshallatt6mpttoescapestationarysituationbymerging
agentswithdifferentabilitytotheoriginalpopulationtogivethesystem
diversification,whichmeansdiversificationstrategy.Thenewagentfor
diversificationstrategyhaslonger-termmemory,whichisthestrategyused
intabusearchapproach.Thelonger-termmemory(GloverandLaguna,
1997)intabusearchisusedtodiversifythesearchcompellingregionsthat
arenotvisitedbefore.Hence,weapplythisideatotheantagents.When
eitheredge(i,ブ)or(ブ,のisusedbyantagent,weincreaselonger-term
memoryelementLMEM[i][ブ];ブ>iby1.LetL毎=C/LMEM[i][ブ],whereC
isaparameter.WecallLijnegativepheromone,whichissignalnotto
attractagents.Theabilityofthenewagentisf6rmulatedas
[・i」(t)]α・同 β・[Li」]γ
ρ多(t)=。∈1.¥,。、。.1[・i・(t)]α・[η・・]β・團 γ
0
ゲ ゴ∈{γ一'伽 κ}
othersize
(5)
Then,Cissetto10,whichgivesbettersolutioninexperimentwetried.In
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Figure5,weshowhowthebest-f6undsolutionineachstepsdecreasefbrthe
ASwithonlyintensificationstrategyandtheASwithbothintensification
strategyanddiversificationstrategy.TheresultsshowthattheASwith
bothintensificationstrategyanddiversificationstrategygivesabetter
solutionthantheASwithonlyintensificationstrategy,bydiversificationfbr
mergingagentswithdifferentabilityoflonger-termmemory.Weseethat
diversi且cationstrategyishelpfultoobtainbettersolutions.
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Figure5.TraceofAnt-TabucomparedtootherAS
Ant-Standard:NormalAS
Ant-Reinfor:ASwithOnlyIntensificationStrategy
Ant-Tabu=ASwithBothlntensificationStrategy
andDiversificationStrategy
Thus,theASalgorithmbynewagentswithabovementionedintens雌cation
strategyanddiversificationstrategyiscalledanttabusystemalgorithm
(Ant-Tabu),thisnewagentiscaUedant-tabuagent.Toassesstheeffectiveness
oftheproposedAnt-Tabuonrandomlygeneratedgraphs,weevaluatethe
perfbrmanceoftheAnt-Tabu.Thenewagentswithlonger-termoccupy
20%ofcolony.Table3showsanaveragecost,bestcost,worstcostand
standarddeviationobtainedafter10repetitionsoftheAnt-Standard,the
Ant-Tabu,andthesimulatedannealing(SA).WeseethattheAnt-Tabu
outperfbrmstheAnt-Standardintermsofsolutionquality.Fromthis,we
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Table3.PerformanceofAnt-TabucomparedtoAnt-StandardandSA
ProblemSize 100 200 300 400
Ant-StandardAverage
Best
Worst
Std.dev
815.2
800
829
10.30
1158.8
1149
1165
5.74
1461.2
1456
1478
16。77
1652.6
1643
1663
8.13
Ant-Tabu Average
Best
Worst
Std.dev
781
778
786
2.82
1099.8
1094
1105
3.54
1369.4
1356
1380
9.30
1560.4
1533
1577
15.6
SA Average
Best
Worst
Std.dev
786
774
798
10.09
1113
1099
1127
9.12
1381.2
1376
1389
5.26
1565.2
1546
1577
11.26
cangetthatcombinationofantagentandstrategyofintensificationand
diversi且cationusedinthetabusearchiseffectivetoobtainbettersolutions.
6.TheAgentswithAbilityofLocalSearch
Thesolutionsobtainedusingtheantsystemalgorithm(AS)arederived
byrandomlyselectingtowns.Namely,thisisakindofMonteCarlo
simulationtechnique.Necessarily,thesesolutionsarenotlocalsolutionthat
isabestsolutioninafeasibleneighbourhood.Morespecifically,inthecase
ofminimization,anysolutioniantobtainedbytheASisnotgenerallysatisfy
theconditionforlocalsolutionsuchthat∫(iant)≦∫(ブ),forallブ∈S㌔。,,where
Sian,isneighbourhood(ex.2-optneighbourhood)f6riant.BecauseASdoes
notdependonneighbourhood,weestimateitishelpfultoapplyalgorithm
basedonneighbourhoodtoantagentinordertoobtainbettersolutions.
Therefore,thereisapossibilityofimprovementintermsofqualityof
solutionbygivingtheabilityoflocalsearchtotheant-tabuagents.So,we
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attempttosolvetheproblemusingant-tabuagentswiththeabilityofIocal
search.Thatis,thisantisnewant-tabuagentwithnewcharacteristics
whichcansearchbestsolutioninneighbourhoodofthetourfoundedin
colony.However,onlyagentsthatfindbettertoursinごolonycarryoutthe
localsearchcharacteristics.Thisrevisedant-tabusystemalgorithmis
calledAnt-TSL.Thus,newanttabusystemalgorithmhasabilityofsearch
inbothglobalandlocalregion.
Thetestswerecarriedoutagainontherandomlygeneratedgraphs
underabove-mentionedcomputationalenvironment.Althoughthenumber
ofagentsfbrAnt-Tabuisequaltothenumberoftowns,Ant-TSLusesonly
100agents.TheresultsinTable4showthatAnt-TSL,usingant-tabu
agentswiththelocalsearchsystem,givesabettersolutionthanotherAS
andtheSA.Andthecostdifferencebetweenbestcostandworstcostis
Table4.PerformanceofAnt-TSLcomparedtoAnt-TabuandSA
ProblemSize 100 200 300 4QO
Ant-StandardAverage
Best
Worst
Std.dev
815,2
800
829
10.30
1158.8
1149
1165
5.74
1461.2
1456
1478
16.77
1652.6
1643
1663
8.13
Ant-Tabu Average
Best
Worst
Std.dev
781
778
786
2.82
1099.8
1094
1105
3.54
1369.4
1356
1380
9,30
1560.4
1533
1577
15.6
Ant-TSL Average
Best
Worst
Std.dev
774
774
774
0.0
1091.5
1088
1095
3.5
1338.4
1336
1342
2.24
1515.2
1512
1517
1.72
SA Average
Best
Worst
Std.dev
786
774
798
10.09
1113
1099
1127
9,12
1381.2
1376
1389
5.26
1565.2
1546
1577
11.26
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close.ItisremarkablethattheAnt-TSL,inspiteofalittlenumberof
agents,outperformsstandardAntSystemAlgorithmandtheSAintermsof
qualityofsolution.OurresultsindicatethattheAnt-TSL,usingnewant-
tabuagentswithabilityoflocalsearch,canbeusedtoobtainbetternear
optimalforawidevarietyoftheTSPproblem.
7.ParallelAntSystemAlgorithm
Wealsomustevaluatetheperf6rmanceforCPUtimeoftheproposed
algorithm.Theantsystemalgorithm(AS)isbasedonthemassofagentsin
acolony.Accordingly,theASalgorithmistimeconsumingbecause'of
processesofmassofagents.Itislikethegeneticalgorithm,whichisalso
timeconsumingbecauseofcomputingfornumbersofgenes.Thisis
seriousbadpointintheASalgorithm.Therefore,weattempttoreducethe
computationaltimeusingparallelantsystemalgorithmbydividingcolonies.
Thistypecanbedonebypartitioningtheproblemitselfintoseveral
independentcolonies.Thealgorithmisverywellsuitedfbrimplementation
onaMIMDparallelmechanism,Theparallelalgorithmhasbeenimplemented
onanetworkbyMPIIibrary(Gropp,LuskandSkjellum,1999).And,the
computationbyagentcanbeparallelized.Thiswillgenerallyrequirethe
partitionofasetofthecoloniesintoI)processors.Eachofthesedivided
coloniesisassignedtooneprocess,whichcomputesm/1)tours.Next,the
pheromoneinformationofsubcoloniesisupdated.Thatis,wedividethe
setofantagents曽into留1,留2,…,VpsuchthatlVail=〃z/1)foralli,
留1∪留2∪ …UVp=留,and匂 ∩ 匂=φ,fori≠ ブ,wherePisthenumberof
processor.Eachpartitionedcoloniesisassignedtoeachprocessor,which
computestoursbyantagentsinthe暢,asFigure6.Aftercomputingm/P
tours,thepheromoneinformationofeachcolonyisdeterminedandmutually
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OriginalColonyofAntAgents?》慈
'饗
'》嚥
'》恵
》懸
'》息
》癒
》息?
Colony1 Colony2
● ○ ●
ColonyP
Figure6.ParallelAntSystemAlgorithm
communicatedamongallprocessorstogether.Thesynchronizationis
requiredateachiterationstep.Normally,thistechniquerequiresextensive
communicationsincethesynchronizationisrequiredateachcycle.
However,thecommunicationofparallelASalgorithmcanbeconstructedusing
onlypheromoneinformation,withoutotherinformation(i.e.,anumberof
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toursofagentsinasubcolony).Itisworthapplyingtoonlytheproblemin
whichthecomputationinonestepiscomplexandtime-consuming.So,we
estimatethatthisproposedparallelalgorithmallowsustoreduceconsiderably
thecomputationaltime.
Next,weevaluatetheperformanceoftheparallelantsystemalgorithm
using100agentsusedintheAnt-TSL,withthenumberofnodesranging
from100to400.Figure7illustratesthetraceofCPUtimerequiredfor
sequentialAS(cpulline),twoprocessors(cpu21ine)andfburprocessors
(cpu41ine)fbrtheParallelAS.Thecomputationaltimerequiredf6rtheSA
isabout600secanddonotremarkablyincrease.Although,thatrequired
fortheASalgorithmisl10secinthecaseof100nodes,therateofan
increaseforcomputationaltimeishigh(asseecpullineinFigure7)because
ofcomputationofmassofagentsinacolony.However,InFigure7wesee
thattheparallelAScanreducescomputationaltimelineallyasthenumber
ofprocessorsincrease.Runningtimeisnearly1/2and1/40fCPUtimeof
sequentialASfornumberofprocessor2and4.Therearevarioustypesof
theASbyseveralkindsofstrategyandparameter,andtherunningtimeis
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Figure7.CPUTimeforParallelAntSystemAlgorithm
NewAntSystemAlgorithmbyAnt-TabuAgents161
distinct.However,OtherAScanalsoreducescomputationaltimelineally
asthenumberofprocessors.Itshouldbenotedthatthisparallelismforthe
ASallowsustoreduceconsiderablytheCPUtime.Itispossiblethatthe
ASobtainbettersolutionsinreasonablecomputationaltirnebyparallelcolony.
8.Conclusions
Theantsystemalgorithm(AS)proposedbyDorigoisuniqueheuristics
approach,whichisthesearchactivitiesoverso-calledants,thatis,agents
withverysimplebasiccapabilitieswhich,tosomeextent,mimicthebehavior
ofrealants.However,thisstandardtypeoftheAScannotobtainbetter
solutionsf6rTSPunderrandomgraphs.So,weproposednewagentswith
abilityofintenst丘cationanddiversi且cationstrategy,whicharehighlyimportant
componentsoftabusearch.Weillustratedcombinationofantagentsand
strategyofintensification'anddiversification.WeshowedrevisedASby
combiningtheseantagentsoftabusearchtypeandlocalsearchtosearch
stronglyinlocalregions.ItishelpfultoapPlyideabasedonneighbourhood
toantagentsintermsofimprovingqualityofsolutionsbecausetheASdoes
notdependonneighbourhood.Thecomputationalresultsshowthatproposed
algorithmsoutperformthestandardantsystemalgorithmpresentedby
DorigoandtheSAintermsofsolutionquality.Weshowthatintensi丘cation
anddiversificationstrategy,andabilityoflocalsearchinantagentarehelpful
toreachbettersolutions.
Next,WealsoconsiderCPUtimef6rASwhichrequiresmuchmore
computationaltime.Therefore,weexaminedtheparallelantsystemalgorithm
bypartitioningthecolonyitselfintoseveralindependentcolonies.This
algorithmiswellsuitedfbrparallelcomputation.Itcan層communicate
amongeachcolonyusingonlysignalsofpheromoneinf6rmation.Num6rical
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resultsshowthatparallelantsystemalgorithmcanreducescomputational
timelineallyasthenumberofprocessors.ItispossiblethattheASobtain
bettersolutionsinreasonablecomputationaltimebyparallelcolony.In
summary,ourresultsindicatethattheproposedanttabusystemalgorithm,
inconjunctionwithideas'ofthereinforcementofpheromoneasintensification
strategy,theagentwithlongertermmemoryasdiversificationstrategyand
modifiedagentswithabilityoflocalsearch,canbeusedtoobtaingood-
qualityapproximatesolutionsforawidevarietyofTSP.
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